Adaptive and robust evidence theory with applications in prediction of floor water inrush in coal mine by Li, Fenglian et al.
Adaptive and robust evidence
theory with applications in
prediction of floor water inrush
in coal mine
Journal Title
XX(X):1–25
c⃝The Author(s) 2016
Reprints and permission:
sagepub.co.uk/journalsPermissions.nav
DOI: 10.1177/ToBeAssigned
www.sagepub.com/
Fenglian Li1,2 Xueying Zhang1, Xiaolei Chen1 and Yu-Chu Tian1,2
Abstract
The Internet of Things (IoT) generates rich information either from different sources or the same
source via different measurement methods. This demands data fusion for decision making. Despite
the progress in data fusion, existing data fusion techniques, such as the classic Dempster-Shafer
evidence Theory (DST), face challenges when dealing with highly conflicting sources of evidence.
To address this problem, an Adaptive and Robust evidence Theory (ART) is presented in this
paper through a robust combination of conjunctive and disjunctive rules. It is capable of handling
both conflicting and reliable sources of evidence. When the sources of evidence are reliable, the
conjunctive rule plays a predominant role; while if the sources of evidence are in high conflict the
disjunctive rule plays a critical rule. Our ART approach was compared with existing representative
evidence theory methods through two examples, and was further applied in prediction of floor water
inrush in coal mines. The ART approach presented in this paper was demonstrated to behave better
than the existing methods.
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Introduction
The Internet of Things (IoT) is an innovative service ecosystem for information and communication
technology. It allows people and things to be connected anytime, anywhere, with anything and anyone,
ideally using any network and any service (Vermesan et al. 2009). Technologically, IoT includes three
different perspectives: things, the Internet and semantics. In recent years, IoT has gained significant
attention in academia as well as industry for the strong capabilities that IoT promises to offer. It provides
a smart world for human beings where all objects can be connected to the Internet and communicate
with each other with minimum human intervention. Its innovative service is deployed on diverse types
of sensors for multiple applications, such as smart cities (Ranjan et al. 2015), smart homes, target
localization (Hu et al. 2015), tailings dam monitoring, pre-alarm system (Sun et al. 2012) and coal mine
safety prediction. IoT generates a large amount of data, which are massive, multisource, heterogeneous,
dynamic and sparse. The upcoming challenge of IoT lies in how to process these volumes of data (big
data problem).
In the sphere of IoT, data fusion is a typical data processing technique. In decision making with data
from multiple sources or the same source with different measurement sensors/channels, data fusion is
an important tool in manipulation and management of these data in order to improve efficiency and
provide advanced intelligence. It deals with aggregation and integration of data from different devices
and sensors. It helps build knowledge about certain events, which would otherwise not possible by using
individual sensors separately. By exploiting the synergy among the data sets, data fusion also helps reduce
the amount of data traffic, filter noisy measurements, and make predictions and inferences in any stages.
In recent years, data fusion has gained special attention and has spurred serious studies in both academia
and industry.
Among various data fusion methods, Dempster-Shafer theory (DST) is a promising tool. As a
mathematical theory of evidence, DST has the capability of dealing with imprecise and uncertain
information. It also allows to combine different sources of evidence for decision making. Pieces of
information can be combined while managing possible conflicts between sources of information. A
combination rule is used as a means of aggregating conflicting pieces of information. Investigations
to the combination rule of DST show that if the initial conditions are respected and thus if the problem
is well modelled, then DST’s rule provides valid results. This means that the rule should be used only
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under the restrictions initially imposed by Dempster. However, in practice, the original restrictions are
too difficult to be either satisfied or verified. This makes the method incapable of managing high conflicts
from various information sources, thus generating counter-intuitive results. To achieve good data fusion
results, the combination rule needs to be improved when dealing with a high degree of conflicting sources
of evidence.
As a decision model, evidence theory can be used to build prediction models for real-world
applications. Water hazard is a threatening problem in coal mine production. With the increase of
mining depth in coal mine, floor water inrush becomes a dominant type of accidents in water hazards. A
prediction of the possibility of floor water inrush helps safety assurance in coal mine production. Some
machine learning measures have been considered for predicting the probability of water inrush (Liu et al.
2011a; Xiao et al. 2010). However, the prediction model based on evidence theory has not been well
discussed so far for floor water inrush. Furthermore, the existing model (Jun and Yingmei 2012) based
on the classical DST theory has ignored the conflict messages, whereas the conflicting situation also
exists during the combination of the influential factors of floor water inrush in coal mine.
This paper presents an Adaptive and Robust evidence Theory (ART) to overcome the deficiency of
the classical DST. Then, the ART is applied in prediction of floor water inrush in coal mine. The main
contributions of this paper include the following two aspects: (1) An ART approach is presented for
solving the combination problem of high conflicting sources of evidence; and (2) A two-level prediction
model is built from the ART for floor water inrush in coal mine.
The paper is organized as follows. Notations used throughout this paper are listed in Table 1. Section
2 reviews the related work and motivates the research. Section 3 develops the ART approach. This is
followed by illustrations of the ART with comparisons with existing methods in Section 4. In Section 5,
the ART approach is applied in prediction of floor water inrush in coal mine through a two-level fusion
model. Finally, Section 6 concludes the paper.
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Table 1. Notations used in this paper.
Symbol Notations
C Permeability coefficient, unit: m/d
De Seam depth, unit: m
k Conflict coefficient
M Thickness of aquiclude, unit: m
m(S) BPA function
m(θ1, θ2) BPA of joint focal element (θ1, θ2)
m(θ1, θ3) BPA of joint focal element (θ1, θ3)
m(θ2, θ3) BPA of joint focal element (θ2, θ3)
m1(θ1),m1(θ2),m1(θ3) Three BPAs ofm1
m2(θ1),m2(θ2),m2(θ3) Three BPAs ofm2
P Water pressure on coal floor, unit : MPa
PrS Probability of safety
PrWI Probability of water inrush
PrUC . Uncertain probability
S A subset of Θ
S1, S2 Two subsets of S
Th Aquifer thickness
Ts Water inrush coefficient, unit: MPa/m
v Correlation degree
w1(v) Adaptive coefficient 1
w2(v) Adaptive coefficient 2
α(k) Conjunctive coefficient
β(k) Disjunctive coefficient
θ1, θ2, θ3 Three focal elements of a framework
(θ1, θ2), (θ1, θ3),(θ2, θ3) Joint focal elements
∅ Empty set
Θ Framework of a discernment
Θ1, Θ2, Θ3 Three frameworks of a discernment
2Θ Power set
Related work and Motivations
Data fusion methods
A number of methods have been developed for data fusion. In general, these methods can be categorized
into the following three levels: raw data level fusion, feature level fusion, and decision level fusion. In
practice, these three levels of fusion strategies are used separately or in different combinations.
In raw data level fusion, the data gathered from sensors are fused to create a new signal. The quality
of the new signal can be improved by denoising or using other measures. Principal component analysis
is a typical example of data fusion at this level.
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For feature level fusion, there are a variety of features extracted from different types of sensor signals.
Feature level fusion fuses similar features among these features for decision making. Some machine-
learning algorithms, such as neural networks, are popularly used for feature level fusion.
In decision level fusion, the input signals are analyzed by using a higher level decision rule for
final decision. Dempster-Shafer theory (DST) is a popular theory to combine different sources of
measurements in multi-sensor networks. It has been applied in real-world scenarios, e.g., machine fault
diagnostics and coal mine safety monitoring systems.
Evidence theory
Dempster-Shafer evidence theory (DST) is an effective tool to handle uncertainty for a variety of real-
world applications. Knowledge reasoning and decision making are typical examples of DST applications
in practice (Li et al. 2014; Deng 2015). Evidence theory was first proposed by Dempster and then
further developed by Shafer. So it was also called Dempster-Shafer theory (DST) or evidence theory.
However, Zadeh gave a famous example to illustrate DST’s conflict management when evidence is highly
conflicting (Zadeh 1986). DST is incapable of dealing with evidence with a high degree of conflict. In
recent years, efforts have been made to address this conflict management.
There are two main categories of improvements to achieve effective data fusion in the presence of a
high degree of conflicting sources of evidence (Ma and An 2015). The first category tries to improve
combination rules to overcome the defects of the Dempster combination rules. This is because the
Dempster combination rules fail in high conflicting evidence sources. Yager’s rule is a typical method
for improving the property of combination rules. It reassigns conflict to the ignorance (Yager 1987). But
the Yager’s method is still not rational by redistributing conflict to the whole frame of discrimination.
A generalized evidence theory is proposed by Deng (2015), who introduced a generalized combination
rule and a generalized conflict model to measure conflict among evidences. The second category of
improvements modifies the original evidence sources to address the above mentioned issues in the
Dempster combination rules. One of the typical examples of this category of improvements is the method
proposed by Murphy (2000). It averages the conflict evidence and then combines the average evidence
itself several times. However,Haenni (2002) has argued that it is not appropriate to model the rule because
the distribution of evidence sources may cause a counter-intuitive result.
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The two categories of improvements discussed above have some insights into conflict management
with regard to the combination rule. The conflict measure from the first category is able to deal with both
reliable and highly conflicting scenarios in the overall combination rule. This is respectively reflected
in the conjunctive rule and disjunctive rule of overall combination rule (Lefevre et al. 2002). In the
presence of a high degree of conflict in evidence sources, the disjunctive part of the combination rule
plays a more important role. For reliable evidence sources, the conjunctive part of the combination rule is
dominant. Efforts have been made from this perspective to better deal with conflicting evidence sources,
Examples include the Dubois and Prade rule, the Smarandache and Dezert rule, Smets’s rule, and the
robust combination rule from Florea et al. (2009). For the second category of improvements, only the
reliable sources of evidence are considered through conjunctive combination rules. Methods have been
developed from this perspective with a particular focus on the degree of conflict between BPAs. Among
these methods are those dealing with conflict coefficient, Jousselme’s distance measure, dissimilarity
measure (Liu et al. 2011b), and discounting coefficient (Ma and An 2015).
Our ART approach presented in this paper belongs to the first category of improvement strategies.
The overall combination rule is developed through aggregation of both disjunctive and conjunctive rules.
Disjunctive and conjunctive rules play different roles according to the degree of conflict in evidence
sources. They are combined through a weighted sum with a disjunctive coefficient and a conjunctive
coefficient. If the degree of conflict in evidence sources is high, the disjunctive part of the combination
rule plays a more important role, otherwise the conjunctive part plays a dominant role. An adaptive
weighting function is also presented in this paper for constructing the connection between joint focal
elements and singular focal elements, and the connection of joint focal elements between each other.
It reallocates the conflict partly to joint focal elements, making the decision results more consistent in
applications.
Prediction of floor water inrush in coal mine
Water hazards seriously threaten safe coal mine production. Hundreds of water inrushes have occurred
in coal mines, deeply affecting the coal mine workers’ safety and coal production. Water hazards, gas
outburst, dust explosion, roof crack, and fire are the first five highest causes of coal mine accidental
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deaths, producing numerous casualties and tremendous economic loss (Wang et al. 2012). The severity
of water hazards is in the second place only behind the gas.
Coal mine water hazards can be classified into the following categories: roof water inrush, floor water
inrush, fault water inrush, water inrush of subsided column, mine waste water inrush, goaf water inrush
and drilling water inrush. In recent years, with the increase of mining depth, water pressure goes up and
thereby the risk of floor water inrush rises significantly, threatening coal mine production. As the mining
depths and mining intensity continue to increase, the encountered hydro-geological conditions become
more complicated (Wu et al. 2015).
Pressure mining is a major mining method currently. However, this comes with a threat of pressurized
limestone floor water. As a result, coal mine floor water inrush becomes a most influential and serious
water hazards at present. Noticeably, water inrush from the Ordovician limestone under the Permo-
Carboniferous coal seams is one of the most serious water disasters in Northern China, posing a
significant safety issue in coal mine production (Hanhu and Yunquan 2011; Yin et al. 2015).
Prediction of floor water inrush is an essential task for avoidance of water hazards in coal mine. A
challenge is to predict and prevent water inrush from the aquifers that underlie many of the coal seams.
Because water inrush from the underlying aquifers is a non-linear dynamic process, its occurrence is
influenced by multiple factors and involves complex mechanisms, which could hardly be described
through a accurate mathematical model due to the uncertainty, non-stationarity and nonlinearity of the
influential factors on mine water inrush. Therefore, decision making from different types of knowledge
rules becomes significant.
A number of water inrush methods have been developed for prediction of coal seam floor water inrush.
In general, the prediction methods can be classified into two main categories. The first category of
methods predicts the possibility of water inrush by analyzing the hydro-geological circumstance and
conditions. It includes following methods: water inrush coefficient method, floor relative impermeable
layer, down three zones theory, key strata theory, rock groundwater interaction theory, progressive
intrusion theory and three maps-two predictions method (Wu et al. 2015). The second category
of methods predicts the possibility of water inrush through logic reasoning by using knowledge
rules. It constructs a prediction model according to water inrush influential factors. In recent years,
this category of methods has focused on construction of water inrush prediction models. Typical
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examples of such prediction models are artificial neural networks (LaMoreaux et al. 2014), fuzzy neural
network (Xiao et al. 2010), decision tree (Liu et al. 2011a) and information fusion method, genetic
algorithm (Ma and Bai 2015), Fisher’s discriminant analysis (Chen et al. 2016), and support vector
machine (SVM) (Shi et al. 2014).
However, these methods are still not fully satisfactory to the demands in applications. The reasons are:
1) these methods cannot completely reveal geological conditions of water inrush spots and influencing
factors that cause water inrush; and 2) theoretical models are still not fully consistent with the actual
applications because the parameters used in these methods are often not easy to determine. Therefore, a
more accurate prediction model is demanded for floor water inrush, particularly the model based on the
perspective of knowledge rules and reasoning to avoid the difficulties in hydro-geological analysis.
Technical gaps and Motivations
Evidence theory can be used as a decision model in data fusion. As a typical evidence theory, DST
shows its advantage in dealing with reliable sources of evidence. However, it does not behave well in
the presence of a high degree of conflict in evidence sources. Improvements have been developed from
the following perspectives: to improve the combination rules by considering both reliable and conflicting
scenarios, and to modify the original evidence sources. As analyzed previously, these improvements help
overcome the problem to some extent, but have not solved the problem completely. This motivates our
research of this paper on an ART approach.
The ART approach to be presented in this paper is based on an improvement to the combination rules
by considering both reliable and high conflict sources of evidence in the overall combination rule. It also
considers the joint focal elements by reallocating conflict over them. while some improved methods also
consider both reliable and high conflicting sources of evidence, the function of joint focal elements has
been largely ignored. This differentiates our approach in this paper from existing ones.
Prediction of floor water inrush is a critical task to ensure safe production in coal mine. As reviewed
previously, a number intelligent algorithms have been proposed in recent years to construct models
for prediction of floor water inrush. Especially with the development of IoT technology, they monitor
the mining site conditions in a more convenient way and become easier to implement in comparison
with hydro-geological methods. With these algorithms, it becomes possible to collect data in real time
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for important influential factors of floor water inrush, e.g., water pressure of aquifuge. However, the
influential factors may appear conflicting in reality. Existing methods have a lack of capability to deal
with such scenarios with high conflicting sources of evidence. As an information fusion strategy, evidence
theory is a promising tool for prediction of potential water hazards. However, limited work has been
carried out in prediction of floor water inrush from the evidence theory perspective. Our work in this
paper makes a contribution to fill in this gap.
Theoretic Development
Evidence theory
Let Θ be the framework of a discernment. All its subsets are represented by 2Θ, which is the power set
of Θ. Let ∅ and S be an empty set and a subset of Θ. m(S) denotes the mass of S, 0 ≤ m(S) ≤ 1.
It represents the degree of belief strictly assigned to S. Mass m is also called a Basic Probability
Assignment (BPA) function, which reflects a mapping: 2Θ → [0, 1] . It must satisfy the following
conditions:
m(∅) = 0,
∑
S⊆Θ
m(S) = 1 ∀S ∈ 2Θ,
where 0 ≤ m(S) ≤ 1. Whenm(S) > 0, S is called a focal element of a BPAm.
The combination rule of DST. In order to aggregate the evidence from multiple sources, D-S
combination rule plays a meaningful role. Let m1 and m2 be two BPAs, respectively. Then, the
combination rule of DST is defined as follows:
m(S) =
1
1− k
∑
S1
⋂
S2=S
m1(S1)m2(S2),
∀S ⊂ Θ, S ̸= ∅, m(Φ) = 0, (1)
where k is called conflict coefficient, which is a normalized constant and reflects the degree of conflict
among various sources of evidence. The larger the value k is, the higher degree of conflict is. If k is close
to 0, the sources of evidence are not in conflict; whereas if k is close to 1, the sources of evidence are all
in conflict. k is the mass that would be assigned to ∅ under an assumption allowingm(∅) ̸= 0. In general,
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it can be calculated as follows:
k =
∑
S1
⋂
S2=∅
m1(S1)m2(S2). (2)
The deficiencies of the DST combination rule. The DST combination rule helps fuse evidence from
different sources. However, if the sources of evidence conflict with each other severely, then the results
of combination may not be acceptable. It means that in the presence of a high degree of conflict, the rule
fails to provide an adequate representation of the sources of evidence. Moreover, if one of the evidence
is unstable, the results of combination may change greatly with a small change in the evidence, implying
the lack of robustness of the DST combination rule.
To address the deficiencies of the DST combination rule, several combination rules have been
proposed. Yager’s rule is a typical example.
Yager’s rule. Instead of the DST’s uniform redistribution among all remaining focal elements, a new
reallocation of conflict coefficient k was proposed by Yager (1987). The combination rule is:
m(∅) = 0,
m(S) =
∑
S1
⋂
S2=S
m1(S1)m2(S2),
m(Θ) =
∑
S1
⋂
S2=S
m1(S1)m2(S2) + k.
Yager’s rule removed the factor 1
1−k and redistributed conflict coefficient k totally to the frame of
discernment Θ. It solved, to some extent, the problem of high conflict that the DST combination rule
faces. However, this causes a new problem: the probabilities of the focal elements are comparatively less
and the probabilities of the discernment frame are more. This can easily lead to inaccurate and counter-
intuitive decision results .
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Robust evidence theory
In this paper, a Robust Theory (RT) is designed for adapting to unreliable sources when the reliability
degree is unknown in advance. The RT rules perform an automatic de-conditioning in the case of non-
exhaustive frames of discernment. The RT combination rule is as follows:
m(S) =α(k)
∑
S1
⋂
S2=S
m1(S1)m2(S2)
+ β(k)
∑
S1
⋃
S2=S
m1(S1)m2(S2), (3)
where α(k)∑
S1
⋂
S2=S
m1(S1)m2(S2) is the conjunctive combination rule. This rule is applied when
it is assumed that the evidences are all reliable. β(k)∑
S1
⋃
S2=S
m1(S1)m2(S2) is the disjunctive
combination rule, when only part of m(∅) = 0; α(k) and β(k) are functions of the conflict k. α(k) is
called a conjunctive function and β(k) is called a disjunctive function. They should satisfy the following
conditions:
1. α(0) = 1,α(1) = 0;
2. β(0) = 0,β(1) = 1; and
3. β(k) = 1− (1− k)α(k).
In general, the above conditions guarantee that the robust combination rule acts more like a conjunctive
rule when k is close to 0. It means that all sources of evidence are reliable in this case. When k is close
to 1, the robust combination rule acts more like a disjunctive rule. It indicates that at least one source
is unreliable. In particular, when k = 0, the combination rule becomes conjunction. It implies that the
sources of evidence are in full agreement. when k = 1, the combination rule becomes disjunction. It
signifies that the sources of evidence are completely conflicting. It is worth mentioning that the RT rule
automatically balances the weights of the conjunctive rule and the disjunctive rule to the conflict during
the process of combining various pieces of information.
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In this paper, the conjunctive function α(k) and disjunctive function β(k) are respectively defined as:
α(k) =
1− k
2k2 − 2k + 1
, (4)
β(k) =
k2
2k2 − 2k + 1
. (5)
Thus, the RT combination rule can be expressed as follows:
m(S) =
1− k
2k2 − 2k + 1
∑
S1
⋂
S2=S
m1(S1)m2(S2)
+
k2
2k2 − 2k + 1
∑
S1
⋃
S2=S
m1(S1)m2(S2). (6)
Adaptive and robust evidence theory
Adaptive and robust evidence theory (ART) introduces an adaptive function to the RT combination
rule (Yee Leung 2013). The idea is to use a weight of conflict as an indicator of the reliability of the
sources of evidence. The higher the degree of conflict is, the less reliable the sources of evidence are.
Therefore, connections between the joint focal elements and independent focal elements, and the joint
focal elements between each other can be established. The corresponding combination rule is designed
as:
m(S) =α(k)
∑
S1
⋂
S2=S
w1(v)m1(S1)m2(S2)
+ β(k)
∑
S1
⋃
S2=S
w2(v)m1(S1)m2(S2), (7)
where v ∈ [0, 1] is a function that expresses the degree of correlation among the focal elements. the
function v is defined as:
v =
| S1
⋂
S2 = S |
| S1
⋃
S2 = S |
. (8)
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The larger the value v is, the higher the degree of correlation among the focal elements is. Also, the two
weights w1(v) and w2(v) in Equation (7) should satisfy:
α(k)w1(v)m1(S1)m2(S2) + β(k)w2(v)m1(S1)m2(S2)
= (α(k) + β(k))m1(S1)m2(S2). (9)
This implies that
w1(v) = 1 + (1− w2(v))
β(k)
α(k)
. (10)
Substituting Equation (10) into Equation (7) and then dropping the subscript from w2 without any
confusion give the following combination rule:
m(S) =α(k)
∑
S1
⋂
S2=S
(1 + (1− w(v))
β(k)
α(k)
)m1(S1)m2(S2)
+ β(k)
∑
S1
⋃
S2=S
w(v)
β(k)
α(k)
m1(S1)m2(S2), (11)
Using the definations of α in Equation (4) and β in Equation (5), the function w(v) is defined as:
w(v) = (1− k)
(
1 +
α(k)
β(k)
)
, ∀v ∈ (0, 1). (12)
The ART approach will be illustrated in the next section through experiments with comparisons with
existing methods. After that, it will further be applied in prediction of floor water inrush in coal mine.
Experimental Illustrations
Experimental design
To illustrate the effectiveness of the ART approach presented in this paper, the following two case studies
are designed each. The first case study aims to demonstrate the the adaptiveness of the ART approach
presented in this paper. The second case study illustrates the robustness of the ART approach by testing
three slightly different frameworks of discernment.
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Benchmark methods. For experimental illustrations of our ART approach, the following data fusion
methods are used as benchmarks: DST (Dempster-Shafer evidence theory), Yager’s rule, DSmT (Dezert-
Smarandache Theory) (Smarandache and Dezert 2015), PCR6 (Partial Conflict Redistribution), and the
RT (robust evidence theory) introduced in this paper as the basis of our ART. The DST combination rule,
Yager’s rule and the proposed RT have been discussed previously in the Theoretic Development section.
In the following, the DSmT and PCR6 rules will be briefly discussed.
DSmT was developed based on the definition of the Dedekind’s lattice hyperpower set of a framework,
which is first considered as only a set of exhaustive elements without introducing exclusivity or non-
existential constraints. The DSmT combination rule is described in detail in (Smarandache and Dezert
2004).
PCR combination rule redistributes the partial conflicting masses to the elements involved in the
partial conflicts only, considering the conjunctive normal form of the partial conflicts. Several versions
of PCR rules have been proposed through redistributing the conflicting masses by Smarandache and
Dezert (Florea et al. 2009). From PCR1 to PCR2, PCR3, PCR4, PCR5, the complexity of the rules and
the exactitude of the redistribution of the conflicting masses increases. The combination rule of PCR5 for
two sources is mathematically one of the best for a proportional redistribution of the conflicts applicable
in the context of the DSmT. PCR6 is proposed as an alternative to PCR5 for combining more than two
sources altogether. For two sources, PCR5 and PCR6 coincide each other (Nassim Abbas and Hedir.
2013). In this paper, PCR6 is chosen as one of the benchmarks.
Evaluation criteria. The performance of various methods is evaluated from the decision rule. In this
paper, the plausibility function (PI) is used as the decision criteron (Florea et al. 2009):
PI(S1) =
∑
S2⊆Θ
S1
⋂
S2 ̸=∅
m(S2), ∀S1 ⊆ Θ
The focal elements with the maximum value of PI are considered as the final decision results. They can
be a singletons focal element or joint focal elements.
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Case study on adaptiveness
Consider a frame of discernment, whose BPAs ofm1 andm2 are as follows, respectively:
m1 :m1(θ1) = 0.5,m1(θ2, θ3) = 0.5;
m2 :m2(θ1, θ2) = 0.5,m2(θ3) = 0.5.
The BPAs of joint focal elements of (θ1, θ2) and (θ2, θ3) are given at the same time in this example.
m(θ2, θ3) = 0.5means that the focal element θ2 or θ3 causes the BPAm(θ2, θ3) = 0.5.m(θ1, θ2) = 0.5
implies that the focal element θ1 or θ2 causes the BPA m(θ1, θ2) = 0.5.
Table 2 gives the fusion results comparison of DST, Yager, DSmT, PCR6, RT and our ART for this
case study on adaptiveness. Let us examine the decision results for the benchmark methods first.
• DST gives the decision to θ1, θ2, and θ3 evenly. All the three sources of evidence are considered to
be equally important, but all joint focal elements become meaningless.
• Yager’s rule gives a decision that dedicates to the frame of discernmentΘ the most while focusing
less and evenly on θ1 and θ3. This leads to a final decisionΘ. Like DST, Yager’s rule considers the
joint focal elements (θ1, θ2), (θ1, θ3) and (θ2, θ3) to be meaningless.
• DSmT gives a decision to θ1, θ2, and θ3 evenly, and also redistributes the conflicting mass to joint
focal elements (θ1, θ3). All θ1, θ2, θ3 and (θ1, θ3) are considered to be equally important.
• PCR6 favours θ1 and θ3 equally and also gives θ2 a reduced focus. As in DST and Yager’s, all joint
focal elements are not considered at all.
Table 2. Fusion results from DST, Yager, DSmT, PCR6, RT and our ART for the case study on adaptiveness.
focal element DST Yager DSmT PCR6 RT our ART
m(θ1) 0.3333 0.25 0.25 0.375 0.2308 0.3054
m(θ2) 0.3333 0 0.25 0.25 0.2308 0.2034
m(θ3) 0.3333 0.25 0.25 0.375 0.2308 0.3054
m(θ1, θ2) 0 0 0 0 0.0769 0.0023
m(θ1, θ3) 0 0 0.25 0 0.0769 0.0769
m(θ2, θ3) 0 0 0 0 0.0769 0.0023
m(Θ) 0 0.75 0 0 0.0769 0.1041
For RT presented in this paper, it is seen from Table 2 that RT gives a decision to θ1, θ2 and θ3 evenly.
It also reallocates the results, with a reduced significance, to m(θ1, θ2)=m(θ1, θ3)=m(θ2, θ3) = 0.0769
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evenly. This means that RT considers all joint focal elements at the same time. However, RT is unable to
tell which focal element plays a more important role in the decision making.
Table 2 shows that ART gives the maximum of decision results to m(θ1)=m(θ3) = 0.3054. This
is consistent with the conditions m1(θ1) = 0.5, m2(θ3) = 0.5. It also gives the decision result of
m(θ2) = 0.2034 as the second maximum. Furthermore, ART gives m(θ1, θ3) = 0.0769 as the third
maximum, highlighting the significance of the joint focal element (θ1, θ3) among all joint focal elements.
From the fact that θ1 and θ3 play a more important role than θ2, it is reasonable to infer that the joint
focal element (θ1, θ3) also plays a more significant role than the other two joint focal elements (θ1, θ2) and
(θ2, θ3). The experimental results in this case study well demonstrates the adaptiveness of the presented
ART approach in decision making.
Case study on robustness
Consider three frames of discernment with slight differences in the BPAs of m1 and m2 as shown in
Table 3. Applying DST, Yager, DSmT, PCR6 and our RT and ART methods to this example gives the
fusion results shown in Table 4.
Table 3. Three frames of discernment with slight differences in the BPAs m1 and m2.
Θ mi, i ∈ {1, 2} mi(θ1) mi(θ2) mi(θ3)
Θ1 = {θ1, θ2, θ3} m1 0.99 0.01 0.00
m2 0.00 0.01 0.99
Θ2 = {θ1, θ2, θ3} m1 0.99 0.01 0.00
m2 0.01 0.01 0.98
Θ3 = {θ1, θ2, θ3} m1 0.98 0.01 0.01
m2 0.00 0.01 0.99
The first observation from Table 4 is that DST gives inconsistent decision results for the three frames
of discernment. For Θ1,Θ2 and Θ3, DST makes the decision results of θ2, θ1 and θ3, respectively.
Yager’s decision results are all frames of discernment Θ1,Θ2 and Θ3, respectively. As the three frames
of discernment have only slight differences in their BPAsm1 andm2, the DST combination rule behaves
with poor robustness. Yager combination rule behaves with good robustness, but all its decision results
are frames of discernment. This is also not consistent with the real situation.
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Table 4. Fusion results of Θ from DST, Yager, DSmT, PCR6, RT and our ART for the case study on
robustness.
Θ Focal element DST Yager DSmT PCR6 RT our ART
Θ1 m(θ1) 0 0 0 0.4974 0 0
m(θ2) 1 0.0001 0.0001 0.0052 0.0001 0.0001
m(θ3) 0 0 0 0.4974 0 0
m(θ1, θ2) 0 0 0.0099 0 0.0099 0.0091
m(θ1, θ3) 0 0 0.9801 0 0.9801 0.9817
m(θ2, θ3) 0 0 0.0099 0 0.0099 0.0091
m(Θ1) 0 1 0 0 0 0
Decision θ2 Θ1 (θ1, θ3) θ1; θ3 (θ1, θ3) (θ1, θ3)
Θ2 m(θ1) 0.99 0 0.0099 0.5049 0.01 0.01
m(θ2) 0.01 0.0001 0.0001 0.0051 0.0001 0.0001
m(θ3) 0 0 0 0.49 0 0
m(θ1, θ2) 0 0 0.01 0 0.01 0.0151
m(θ1, θ3) 0 0 0.9702 0 0.9701 0.9591
m(θ2, θ3) 0 0 0.0098 0 0.0098 0.0157
m(Θ2) 0 0.99 0 0 0 0
Decision θ1 Θ2 (θ1, θ3) θ1; θ3 (θ1, θ3) (θ1, θ3)
Θ3 m(θ1) 0 0 0 0.49 0 0
m(θ2) 0.01 0.0001 0.0001 0.0051 0.0001 0.0001
m(θ3) 0.99 0.0099 0.0099 0.5049 0.01 0.01
m(θ1, θ2) 0 0 0.0098 0 0.0098 0.0157
m(θ1, θ3) 0 0 0.9702 0 0.9701 0.9591
m(θ2, θ3) 0 0 0.01 0 0.01 0.0151
m(Θ3) 0 1 0 0 0 0
Decision θ3 Θ3 (θ1, θ3) θ1; θ3 (θ1, θ3) (θ1, θ3)
The second observation from the fusion results in Table 4 is that each of the other four methods
evaluated in this case study, i.e., DSmT, PCR6, RT and our ART, maintains a consistent decision result
for Θ1,Θ2 and Θ3 with slight differences in their BPAs. This indicates the robustness of these four
methods including our ART.
A further observation is that DSmT, RT and our ART give the decision result (θ1, θ3), whereas
PCR6 gives the decision result θ1 and θ3. The combination rules of DSmT, RT and ART redistribute
the conflict not only among the focal elements θ1, θ2, θ3 themselves, but also to the new joint focal
elements (θ1, θ2), (θ1, θ3), and (θ2, θ3). This makes the decision results more reliable. For PCR6, the
same maximum mass is assigned to both singletons θ1 and θ3, implying redistribution of the partial
conflicting masses to the elements involved in the partial conflicts only.
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In summary, this case study has demonstrated the robustness of the ART approach presented in this
paper. The case study previously discussed on adaptiveness has illustrated the capability of the ART
approach in adaptation to various scenarios. Therefore, ART is a promising strategy for data fusion.
Application of ART in Prediction of Floor Water Inrush in Coal Mine
Evidence theory can be used to construct prediction model at decision level. In this paper, an ART-based
approach is developed for prediction of floor water inrush in coal mine. Figure 1 gives the structure of
the approach.
Figure 1. A two-level prediction model consisting of feature fusion level and decision fusion level for floor
water inrush in coal mine. The feature fusion level has three inputs from neural networks BP1, BP2 and RBP,
respectively.
The approach for prediction of floor water inrush consists of two levels: the feature fusion level and
the decision fusion level. The feature fusion level is built with three neural networks. The details of three
neural networks are as follows: the first neural network BP1 is a Back Propagation (BP) neural network.
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Its transfer function is a tansig function, and its training procedure uses the gradient descent algorithm.
The second neural network BP2 is also a BP neural network, which has a tansig transfer function and is
trained by using the momentum gradient descent algorithm. The third neural network RBT is a Radial
Basis Function (RBF) neural network. An RBF neural network selects Gaussian function as its radial
basis function. Its learning procedure uses a self-organizing method. All these three neural networks
are composed of three layers: input layer, hidden layer, and output layer. The number of input nodes
is decided by influential factors of coal floor water inrush. The number of output nodes is two, which
correspond to the probability of water inrush and probability of being safe, respectively. The number of
hidden layer alters based on the number of influential factors, the number of training samples, training
time, and accuracy. The goal is to get an accurate prediction of floor water inrush.
The ART-based approach for prediction of floor water inrush is implemented in Algorithm 1 in pseudo-
code form.
Data Sets
The samples used in the paper are collected from a coal mine site in Shanxi province, China. The input
data includes the following water inrush influential factors: aquifer thickness Th (unit: m), impermeable
layer thicknessM (unit: m), aquifuge withstand water pressure P (unit: MPa), seam depthDe (unit: m),
and permeability coefficient C (unit: m/d). Table 5 shows ten test samples used in this paper.
Benchmark Methods
Two benchmark methods are considered in this section for illustrating the ART-based approach presented
in this paper. One is the water inrush coefficient method, while the other is DST-based method.
Water inrush coefficient (WIC) method. The WIC method is a typical method for prediction of coal
mine floor water inrush. It was put forward in the 1960’s firstly and then was improved afterwards.
According to coal regulations in China, water inrush coefficient can be expressed as follows:
Ts = P/M, (13)
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Algorithm 1: ART-based prediction of floor water inrush in coal mine.
Input: Samples of water inrush influential factors T
Output: Prediction of water inrush
1
2 Feature level fusion:
3 Select 2/3 samples randomly from input data set as training samples;
4 Train the three neural networks, respectively, according to the selected training methods;
5 Use the remaining 1/3 samples of input data set as test samples and get the test results;
6 Normalize the test results between [0,1];
7
8 Decision level fusion:
9 Input the normalized results of the first fusion level to the decision level;
10 Calculate α(k) and β(k) according to Equations (4) and (5), respectively;
11 Calculate w(v) according to the strategy presented in Section Adaptive and robust evidence theory;
12 Calculate the combined BPA of ART based on the combination rule from Equation (11);
13 if the calculated Prs > the threshold 0.5, then
14 the prediction result is “safe”;
15 else if the calculated PrWI > the threshold 0.5, then
16 the prediction result is “unsafe”;
17 else if 0.5− Prs < 0.5− PrWI , then
18 the prediction result is “critical and close to being safe”;
19 else
20 the prediction result is “critical and close to being unsafe”;
21 Output the prediction result.
Table 5. Representative test samples.
No. Th (m) M (m) P (MPa) De (m) C (m/d) Water inrush?
1 14.30 75.57 2.587 186.16 0.0048 ×
2 42.25 66.94 1.699 212.74 0.9305 ×
3 13.35 67.52 5.652 104.71 0.0244 Yes
4 6.60 43.42 6.371 164.63 0.0417 Yes
5 28.36 54.19 2.53 251.45 2.908 ×
6 5.75 69.15 6.144 199.71 0.0106 Yes
7 28.48 68.11 1.573 173.78 3.80 ×
8 46 49.6 1.68 112.00 42.96 ×
9 36 45.08 6.588 73.74 13.75 Yes
10 36 63.4 5.594 209.63 1.0203 Yes
where Ts is a water inrush coefficient with the unit of MPa/m, P expresses water pressure on coal floor
with the unit of MPa,M represents thickness of aquiclude (unit: m). If the value of Ts is less than 0.06
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MPa/m, then it is considered to be safe. Otherwise, if the value of Ts is between 0.06 and 0.1 MPa/m, it is
a critical statue. If the value of Ts is larger than 0.1 MPa/m, it is unsafe, implying possible water inrush.
DST-based water inrush prediction method. The DST method is compared with the presented ART
approach for prediction of coal mine floor water inrush. The difference between DST and ART is that the
models used at the decision level are different. Our ART approach uses the ART model, while the DST
method adopts the DST model.
Application Results
Normalizing the output of feature fusion level will give the value of water inrush probability. The results
are summarized in Table 6 at feature fusion level for predictive probability PrWI of water inrush. The
probability of being safe is expressed as Prs = 1− PrWI .
Table 6. Water inrush prediction at feature fusion level with predictive probability PWI derived from three
neural networks BP1, BP2 and RBF. The boxed elements indicate incorrect predictions. The probability of
being safe is Prs = 1− PrWI .
No. Water Predictive probability PrWI Predicted water inrushinrush BP1 BP2 RBF BP1 BP2 RBF
1 × 0.1004 0.0910 0.1022 × × ×
2 × 0.0811 0.0912 0.2327 × × ×
3 Yes 0.7987 0.8433 0.8342 Yes Yes Yes
4 Yes 0.8970 0.8630 0.7487 Yes Yes Yes
5 × 0.1129 0.1111 0.2157 × × ×
6 Yes 0.7275 0.4611 0.7572 Yes × Yes
7 × 0.5320 0.1624 0.2002 Yes × ×
8 × 0.1803 0.3537 0.1227 × × ×
9 Yes 0.9473 0.6469 0.3107 Yes Yes ×
10 Yes 0.4652 0.3752 0.6277 × × Yes
From the results at the feature fusion level, we can get the prediction results of water inrush. If the
probability value of being safe is higher than 0.5, then the prediction result is denoted by × implying
“NO water inrush” (being safe). Otherwise, if the probability value of water inrush is more than 0.5,
then the prediction result is marked as “Yes” indicating “Yes, water inrush” (being unsafe). As shown
in Table 6, BP1 gives two incorrect predictions, and so does BP2. RBF shows one incorrect prediction.
Therefore, further fusion at decision level is required with the expectation of avoiding such incorrect
predictions.
Prepared using sagej.cls
22 Journal Title XX(X)
Table 7. Water inrush predictions of the WIC, DST and our ART methods at decision level. The question mark
means an unknown prediction. The boxed item indicates incorrect prediction.
Actual WIC method DST method Our ART method
No. water PrWI + Prs = 1 PrWI + Prs = 1− PrUCinrush Ts Prediction PrWI Prediction PrWI Prs Prediction
1 × 0.034 × 0.0013 × 0.0053 0.9649 ×
2 × 0.025 × 0.0027 × 0.0046 0.9667 ×
3 Yes 0.084 ? 0.9908 Yes 0.9316 0.0162 Yes
4 Yes 0.147 Yes 0.9939 Yes 0.9509 0.0084 Yes
5 × 0.047 × 0.0044 × 0.0071 0.9577 ×
6 Yes 0.089 ? 0.8768 Yes 0.7610 0.0853 Yes
7 × 0.023 × 0.0523 × 0.1078 0.8084 ×
8 × 0.034 × 0.0166 × 0.0444 0.8467 ×
9 Yes 0.146 Yes 0.9369 Yes 0.7472 0.1253 Yes
10 Yes 0.088 ? 0.4683 × 0.4957 0.3375 YES
Table 7 gives the output and prediction results from the decision fusion level. It is seen from Table 7
that as a benchmark method, WIC identifies three critical data points at no. 3, no. 6 and no. 10. However,
it fails to make a reliable prediction at these points from the measure Ts as described in Equation (13).
This indicates the low reliability of WIC in prediction of floor water inrush.
As shown in Table 7, another benchmark method DST behaves with better prediction accuracy than
WIC. It gives good predictions for all data points from No. 1 to No. 9. However, it outputs an incorrect
prediction result for data point No. 10. This marks the deficiency of the DST method.
In comparison, our ART-based water inrush prediction gives correct predictions for all ten data points,
as clearly depicted in Table 7. For the data point No. 10, both the probability PrWI of water inrush and
the probability Prs of being safe are smaller than the threshold 0.5. A direct prediction whether or not
there will be water inrush cannot be made. However, as PrWI = 0.4957 is much closer to the threshold
0.5 than Prs = 0.3375 is, the decision fusion level makes a decision by accepting PrWI = 0.4957 as its
choice. This means that the prediction is “Yes, water inrush” (being unsafe). This decision matches well
with the real scenario.
In summary, for prediction of floor water inrush in cold mine, DST is superior to the conventional
WIC, while our ART-based approach behaves better than DST.
Prepared using sagej.cls
F. Li, X. Zhang, X. Chen, Y.-C. Tian: Adaptive and Robust Evidence Theory with Applications 23
Conclusion
An adaptive and robust evidence theory (ART) has been presented in this paper for information fusion
with highly conflicting sources of evidence. It has been developed from a robust combination of
conjunctive and disjunctive rules. The weights to the two types of rules are adjusted according to the
degree of conflict in the sources of evidence. This makes the ART approach adaptive to the scenarios
with conflicts of sources of evidence, and also robust for the scenarios with reliable sources of evidence.
The ART approach has been illustrated to be effective in comparison with existing methods through case
studies. It has been further applied in a significant and practical problem of floor water inrush prediction
in coal mine. Improved results have been achieved from the ART-based approach over existing methods
for prediction of water inrush in coal mine.
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